Classical methods have severe limitations (such as being trapped in local optima, and the curse of dimensionality) to solve optimization problems. Evolutionary or meta-heuristic algorithms are currently favored as the tools of choice for tackling such complex non-linear reservoir operations. This paper evaluates the performance of an extended multi-objective developed firefly algorithm (MODFA). The MODFA script code was developed using the MATLAB programming language and was applied in MATLAB to optimize hydropower generation by a three-reservoir system in Iran. The two objectives used in the present study are the maximization of the reliability of hydropower generation and the minimization of the vulnerability to generation deficits of the three-reservoir system. Optimal Paretos (OPs) obtained with the MODFA are compared with those obtained with the multi-objective genetic algorithm (MOGA) and the multi-objective firefly algorithm (MOFA) for different levels of performance thresholds (50%, 75%, and 100%). The case study results demonstrate that the MODFA is superior to the MOGA and MOFA for calculating proper OPs with distinct solutions and a wide distribution of solutions. This study's results show that the MODFA solves multi-objective multireservoir operation system with the purpose of hydropower generation that are highly nonlinear that classical methods cannot solve.
INTRODUCTION
Most water resources management and engineering optimization problems involve conflicting objectives that must be solved by applying multi-objective approaches (Delipetrev Due to the complexities and non-linearities of many multiobjective problems, classical methods often fail to attain correct Pareto fronts (PFs), that is, the set of optimal decision variables that capture the tradeoffs between objectives. Evolutionary or metaheuristic algorithms have become the methods of choice for solving complex multiobjective optimization problems.
Numerous studies have dealt with the single-objective or multi-objective operation of reservoirs system using evolutionary or meta-heuristic algorithms. Reddy & Kumar quality requirements in India. Kim & Heo () used MOGA to solve an optimization problem involving a multi-objective multi-reservoir system. The two conflicting objectives of the latter study were the minimization of water shortage and the maximization of storage of each reservoir. Reddy & Kumar () applied a multi-objective particle swarm optimization with an efficient elitistmutation operator to generate Pareto optimal solutions for a reservoir problem in India with the objectives of minimizing irrigation deficits, maximizing hydropower generation, and maximizing water quality. Chang & Chang () applied the nondominated sorting genetic algorithm (NSGA-II) to minimize shortage indices through identification of optimal joint operating strategies for a multireservoir system in Northern Taiwan. Zhang et al. () proposed a multi-elite guide particle swarm optimization (MGPSO) and applied it to a multi-reservoir system considering the minimization of the energy deficit while subjecting to a series of hydraulic and operational constraints. Li & Qiu () proposed a multi-objective reservoir optimization model incorporating ecological adaption and applied this model (using NSGA-II algorithm) to the Three Gorges Reservoir whose operation has damaged the downstream riverine ecosystem. The objectives considered by Li & Qiu () were ecological adaption, flood control, and power generation. The studies cited above reached the optimal solutions to multi-objective reservoir operation problems, yet none proposed new or modified evolutionary or meta-heuristic algorithms for solving reservoir operation problems.
The firefly algorithm (FA) is a meta-heuristic algorithm introduced by Yang (). The efficiency of the FA was first assessed with single-objective problems in which Yang () applied the FA to solve ten multi-optimization test problems and reported a better performance of the FA than those of the GA and particle swarm optimization (PSO) algorithm in obtaining the optimal solution of various problems. Yan et al. () developed an adaptive FA (AFA) to cope with large-dimensionality optimization problems.
They concluded the greater accuracy of the AFA compared with those of FA, differential evolution (DE) algorithm, and PSO algorithm. Yang () applied multi-objective FA (MOFA) to solve design optimization benchmarks and compared its results with those from the NSGA-II, vector evaluated GA (VEGA), multi-objective differential evolution (MODE), and the strength Pareto evolutionary algorithm (SPEA). Yang () showed a better convergence rate of the MOFA compared with those of NSGA-II, VEGA, MODE, and SPEA. Silva et al. () Multi-objective optimal operation of multi-reservoir systems is complex and multi-dimensional. It is, therefore, essential to develop, extend, and re-formulate optimization algorithms to meet the demands posed by such operational problems. This paper proposes and applies an extended multi-objective developed firefly algorithm (MODFA) to the three-reservoir system composed of the Karoun 4, Khersan 1, and Karoun 3 reservoirs in Iran. The MODFA script code is applied (using MATLAB R2012a software) to optimize the operation of these reservoirs for hydropower generation while considering two conflicting objectives: (1) maximization of the reliability and (2) minimization of the vulnerability of hydropower production.
METHODOLOGY
This section contains four sub-sections outlining a multireservoir operation model for hydropower generation, MOFA, MODFA, and the Pareto performance criteria employed for evaluating algorithmic performance.
Multi-reservoir operation model for hydropower production The two objective functions of the multi-reservoir operation problem are maximizing the numeric reliability and minimizing the vulnerability of hydropower production expressed by Equations (1) and (2), respectively:
in which OFR HP ¼ numeric reliability objective function of the multi-reservoir operation problem for hydropower production; OFV HP ¼ vulnerability objective function of the multi-reservoir operation problem for hydropower production; r ¼ the reservoir index (r ¼ 1, 2, …, nRes); nRes ¼ the total number of reservoirs; t ¼ the period index (t ¼ 1, 2, …, T ); T ¼ the total number of operation periods; P r (t) ¼ power generated by power plant of reservoir r during period t; PPC r ¼ rated installed capacity of the power plant of reservoir r; and Rate ¼ performance threshold.
It is worth mentioning that in the type of reservoir operation problems herein considered it is practically impossible to achieve 100% of the hydropower generation goals. Therefore, it is imperative to define performance thresholds in order to determine approximate optimal Paretos (OPs) and
to assess algorithmic performance.
Equation (1) expresses the maximization of the numeric reliability of the multi-reservoir operation problem for hydropower production. The numeric reliability is defined as the fraction of the number of the periods in which the value of the generated hydropower is equal or greater than the rated capacity of the power plant over the total number of operational periods. The reliability of the multireservoir system is calculated for the entire operational system. In other words, for each reservoir, the number of periods at which the value of the generated hydropower is equal or greater than the rated capacity of the power plant is calculated and the summation of all of these periods for all of the reservoirs is computed as shown in the numerator of Equation (1). The latter value is divided by the total number of reservoirs multiplied by the total number of operational period shown in the denominator of Equation (1).
According to Equation (1), a system is 100% reliable when it meets the rated capacity of the power plant in every period for all of its reservoirs. Additionally, a system has 0% reliability when none of its reservoir meets the rated capacity of power plant in any period.
Equation (2) calculates the reservoir system's power production deficit and divides it by the reservoir system's production capacity. This is the term within parentheses on the right-hand side of Equation (2). The maximum normalized power-production deficit over the entire operational period is defined as the system's vulnerability.
The value of vulnerability ranges between 0 and 1. A system that generates the rated capacity in all periods at all reservoirs would equal 100%.
The storage in the reservoirs, the evaporative loss of water from reservoirs, the water spilled from reservoirs, and the power generated by the power plants in each reservoir are computed using Equations (3)-(6), respectively.
in which:
CF r (t) ¼ 24 × 3, 600 1,000,000 day(t)
S r (t þ 1) ¼ the storage of reservoir r at the beginning of period t þ 1; S r (t) ¼ the storage of reservoir r at the beginning of period t; Q r (t) ¼ the reservoir inflow to reservoir r Re r (t) ¼ the release of reservoir r during period t; Sp r (t) ¼ volume of spilled water during period t; A r (t) ¼ the area of reservoir r at the beginning of period t which is a function of S r (t); Ev r (t) ¼ the depth of evaporation from reservoir r during the period t; Smax r (t) ¼ the maximum allowable storage of reservoir r during period t; γ 0 ¼ the specific weight water; η r ¼ the efficiency of the power plant of reservoir r; ΔH r (t) ¼ the difference between the average level of water surface of reservoir r at the beginning and at the end of period t and the tailwater level of reservoir r, which is a function of DisRe r (t); DisRe r (t) ¼ the discharge of the water from the power plant of reservoir r during period t; n r (t) ¼ the performance coefficient of the power plant of reservoir r during period t; H r (t þ 1) ¼ the level of the water surface in the r-th reservoir at the end of period t; H r (t) ¼ the level of the water surface in the r-th reservoir at the beginning of period t; TR r (t) ¼ the tailwater level of reservoir r during period t; CF r (t) ¼ the conversion factor from million cubic meters per day to cubic meters per second in reservoir r during period t; and day(t) ¼ the number of days in the operation period t. Figure 1 shows that the volume (Re r (t)) of water entering the power plant of reservoir r passing through the penstock has two components: (1) RPH r (t) and (2) SpPH r (t). The former is the water volume used to generate electricity and the latter is the bypass, or the water volume that plays no role in the generation of electricity. When dealing with multi-reservoir operation systems, it is required to treat both components as decision variables. This is so because during the periods when a reservoir is full (of water), some part of the water is released to enhance hydropower generation in downstream reservoirs. In fact, when both water components are treated as decision variables, the system can reach higher reliability and less vulnerability since the downstream reservoirs benefit from the water released from upstream reservoirs (even if the release water is not used to generate power in the upstream reservoir). In such systems, the volume SpPH r (t) is calculated as follows:
in which DisSpPH r (t) and SpPH r (t) are the discharge and the volume of the water that has no role in the generation of electricity in reservoir r during period t, respectively.
The constraints on reservoir storages, reservoir releases, and generated hydropower are expressed as follows, respectively:
in which Smin r (t) ¼ the minimum allowable reservoir storage of reservoir r during period t; Remin r (t) ¼ the minimum allowable reservoir release of reservoir r during period t; and Remax r (t) ¼ the maximum allowable reservoir release of reservoir r during period t.
This study deals with the deterministic operation reservoir systems. Thus, stochastic processes (say, river inflow) fall outside the scope of the present work, although it is a subject worthy of research in future studies by these authors.
The multi-objective firefly algorithm
Classical multi-objective methods, such as the weighted sum, goal programming, goal attainment, and ε-constraint The multi-objective version of the FA, or MOFA, is summarized next.
The FA and the MOFA are meta-heuristic methods inspired by the behavior of fireflies. The unisex fireflies with lower light intensity (attractiveness) move toward those with higher light intensity. The attractiveness of a firefly is determined by its brightness, which in turn, is associated with the encoded objective function. Equation (14) expresses the attractiveness of a firefly:
in which β(℘ ij ) ¼ firefly's attractiveness; β 0 ¼ the attractiveness at a distance of ℘ ij ¼ 0; γ ¼ the coefficient of light absorption; and ℘ ij ¼ the distance between a pair of fireflies i and j.
Equation (15) expresses the distance ℘ ij for a pair of fireflies i and j at positions x i and x j , respectively: Equation (16) determines the movement of firefly i towards firefly j, the latter being more attractive (that is, brighter): In Equation (16) is determined for all the fireflies. A random weight vector and γ are such that they cause the value of β(℘ ij ) in Equation (14) to vary between 0 and 1. Suitable values for β 0 and γ are found in Table 1 of Thus, contrary to MOFA in which the same random walk is effected on all decision variables, the MODFA first categorizes the variables randomly into groups (specified by the user) and each group is assigned a separate range. More details can be found in Garousi-Nejad Step 3 creates more solutions in the decision space in the first iterations.
•
Step 4: According to Yang (), ℘ ij defined in Equation (15) is not limited to the Euclidean distance. In fact, any mathematical statement that can effectively characterize the quantities of interests in the optimization problems can be used as the distance depending on the type of the problem of interest. The term e Àγ℘ 2 becomes nearly zero due to the large values of decision variables in reservoir problems (regardless of the value of γ ), and it causes the effect of the modification term to vanish. Therefore,
Equation (17) is defined instead as the distance between fireflies in the MODFA:
in which OF i ¼ and ¼ OF j the values of objective functions of firefly i and firefly j, respectively. 
in which OP j j¼the total number of OP points; g ¼ the numerator of the OP points; ds g ¼ the shortest (lowest) computed distance of point g from other OP points; and ds g ¼ the mean value of ds g . The terms ds g and ds g are calculated by Equations (19) and (20), respectively: 
in which W Ref (2) ¼ the value of the second objective function at a reference point; f 2 (g þ 1) ¼ the value of the second objective function at point g þ 1; and f 1 (g) ¼ the 
CASE STUDY
The MODFA was applied to a three-reservoir system that included the Karoun 4, Khersan 1, and Karoun 3 reservoirs in Karoun basin in Iran. Figure 5 depicts the schematic of these three reservoirs. Table 1 shows data for the three reservoirs and the corresponding power plants. A diagram of the monthly inflow volume along with monthly evaporation depth for a 10-year period (1957) (1958) (1959) (1960) (1961) (1962) (1963) (1964) (1965) (1966) is depicted in Figure 6 (13)). Equations (22)-(25) present the penalty functions used in this study:
in which P r (t) ¼ penalty for violation of the minimum allowable storage of reservoir r during period t; P 0 r (t) ¼ penalty for violation of the minimum allowable power generation of reservoir r during period t; P 00 r (t) ¼ penalty for the violation of the maximum allowable release of reservoir r during period t; and P 000 r (t) ¼ penalty for the violation of the minimum allowable release of reservoir r during period t.
Besides penalty functions, this study applies Equations (26) and (27) that represent the replacement approach to deal with constraints (Choi & Kim ) . The replacement approach replaces the values of the violated variables with other values. Equations (26) and (27) replace S r (t þ 1) and P r (t) with Smax r (t) and PPC r , respectively, whenever Smax r (t) and PPC r are violated by S r (t þ 1) and P r (t), respectively:
The NLP method did not find a global optimal solution of the two-objective three-reservoir problem 
RESULTS AND DISCUSSION
Two single-objective problems (one for each of the two con- The optimal single-objective three-reservoir operation problem considering OFR HP as the objective function
The DFA was implemented in this problem with 100 fireflies, 15,000 iterations, 10 groups for categorizing the decision variables, β 0 ¼ 1 and γ ¼ 3. The values of these parameters were chosen after a primary trial and error process. increase and decrease, respectively. In other words, the reduction of Rate improves the desirability of the two objective functions. It is noted that the values of OFR HP and OFV HP reported in Table 2 Figure 4 . W ref is applied with the performance criteria for evaluating the generated OP.
The optimal single-objective three-reservoir operation problem considering OFV HP as the objective function
The parameters and required initial inputs of this section are the same as those of the previous section. Figure 4 .
The optimal two-objective three-reservoir operation problem After determining the solutions of the single-objective problems, the two-objective three-reservoir system was solved with the MOGA, MOFA, and MODFA considering different values of Rate (i.e., with 1, 0.75, and 0.5). Even though other values could have been considered, these values were deemed suitable for reservoir hydropower operation.
Reliabilities equal to 100%, 75%, and 50% are applied in hydropower generation in Iran. The latter values are representative of high (Rate ¼1), medium (Rate ¼0.75), and low (Rate ¼0.5) performance thresholds.
The number of parents' population in MOGA and the number of fireflies' population in MOFA and MODFA were set equal to 100. Moreover, the number of iterations for all three methods was equal to 2,000. In MOGA the type of selection, crossover function, mutation function, crossover probability, and mutation probability were chosen as the roulette wheel, two-point, uniform, 0.7, and 4.0, respectively. MOFA was implemented with β 0 ¼ 1, γ ¼ 10, and α ¼ 1. MODFA was implemented with ten groups for categorizing the decision variables, β 0 ¼ 1, and γ ¼ 3. respectively. It is evident in Figure 7 The results of the MOGA, MOFA, and MODFA are presented in Table 4 , from which it follows that as the value of Rate decreases, the value of HV improves for each method.
This means that the performance of the OP improves. The value of δ increases and worsens when Rate decreases.
A key realization is that it is not proper to compare the per- Figure 7 (c)) are shown in Figure 8 for the three reservoirs for the condition in which Rate ¼ 0:5. It is evident from Figure 8 that the release and the storage results are within the minimum and the maximum allowable values. Using the optimal strategies to operate the reservoirs leads to decreasing the water shortage of this three-reservoir system in Iran.
LIMITATIONS AND POTENTIAL AREAS FOR FUTURE RESEARCH
It is worth mentioning that one of the significant uncertainties in solving optimal reservoir operation problems using evolutionary or meta-heuristic algorithms is related to the values of the parameters that are used in these algorithms.
Even though DFA and MODFA feature fewer parameters than FA, MOFA, GA, and MOGA, there still remain some parameters whose values have uncertainties. Our suggestion for future study is to develop algorithms with fewer or even without parameters. Another uncertainty is related to the fact that in non-linear problems, such as multi-reservoir system with the purpose of hydropower generation, the global solution cannot be obtained. Evolutionary and meta-heuristics algorithms only reach the nearest plausible solution. Therefore, there is always a concern about whether the final result is the optimal solution or not. Even though this uncertainty exists, using these methods constitutes the most plausible approach to find the nearest optimal solution to the global solution.
MODFA is the multi-objective extension of DFA (proposed by Garousi-Nejad et al. a, b) . DFA has been successfully tested with continuous and discrete problems.
This study applied the MODFA to a three-reservoir system not previously considered by Garousi-Nejad et al. (a, b) . Future applications of the MODFA to other reservoir systems most likely will require definitions and calibration of parameters that may differ from those introduced in this work. 
CONCLUDING REMARKS

